Human cortical folding pattern has been studied for decades. This paper proposes a gyrus scale folding pattern analysis technique via cortical surface profiling. Firstly, we sample the cortical surface into 2D profiles and model them using power function. This step provides both the flexibility of representing arbitrary shape by profiling and the compactness of representing shape by parametric modeling. Secondly, based on the estimated model parameters, we extract affineinvariant features on the cortical surface and apply the affinity propagation clustering algorithm to parcellate the cortex into regions with different shape patterns. Finally, a second-round surface profiling is performed on the parcellated cortical regions, and the number of hinges is detected to describe the gyral folding pattern. Experiments demonstrate that our method could successfully classify human gyri into 2-hinge, 3-hinge and 4-hinge gyri. The proposed method has the potential to significantly contribute to automatic segmentation and recognition of cortical gyri.
Introduction
The cerebral cortex of human brain is highly convoluted and folds itself into gyri and sulci during brain development. As an essential characteristic of geometry of human cerebral cortex, the folding, however, has shown quite variable patterns on even major gyri and sulci across subjects [1] . Though the mechanisms of cortical folding are still largely unknown [2] , evidence has shown that the folding pattern of human cerebral cortex may predict its function [3] . Recently, the quantitative description of folding patterns has emerged as an important research goal [4] [5] [6] .
The folding pattern of cerebral cortex is a multi-scale concept whose research scope can vary from a very small neighborhood to a whole brain cortical surface (Fig. 1) . Currently, there are two major streams of cortical folding pattern analysis. One is based on the very local descriptor curvature and its derivations and whose scope is usually a small neighborhood that is one ring away from the focused vertex (Fig. 1a) . In contrast, the other main stream is a quite global one. These latter studies use gyrification index [4] or spherical wavelets [5] to analyze the folding pattern of the whole cortical surface, or at least a certain lobe of human brain (Figs. 1e and 1f ). Both techniques have been studied for decades, and have generated many successful applications [7] [8] . However, neither of them represents the cortical folding pattern comprehensively and systematically, since essentially cortical folding is a multi-scale concept. One would get quite different descriptions if he/she focused on different scales for the same cortical surface. This paper proposes a method to analyze the folding pattern of gyri via surface profiling. This is a hybrid parametric method and profiling method in the sense that it combines both advantages of a parametric method (achieving compact representation of shape) and a profiling method (achieving flexibility of arbitrary shape representation). The basic idea is to represent 3D shape information of cortical surface patches with modeling parameters of a series of 2D profiles, and to cluster the cortex into regions with this shape information. Then a second round surface profiling is performed on the gyrus crown of the parcellated cortex, and the number of hinges is detected to describe the folding pattern of the gyrus (please see Fig. 3c for the definitions of a gyrus crown and a hinge). With surface profiling on gyri crowns, we can extend cortical folding analyses from localized parametric representations to gyrus-scale representations.
Method

Overview of the Method
As shown in Fig. 2 , our method for gyral folding pattern analysis includes the following steps. Firstly, for each vertex of a reconstructed human brain inner surface, we sample the corresponding patch into a series of 2D profiles, and model these profiles using power function, which is a popular model in structural geology study [12] . The shape information of the current surface patch then is encoded in the parameters of the power function. Secondly, based on the model parameters and profiling information, we define several affine-invariant features to represent each vertex's folding information, and use these features to cluster the whole cortical surface by the affinity propagation algorithm; this step segments the surface into several major cortical regions, including gyri crowns. Finally, a second round profiling is applied for vertices of gyri crowns on the parcellated cortex, and the number of hinges for each gyrus is detected to represent its folding pattern.
Profiling of the Cortical Surface
To profile the cortical surface, we first build a 3D coordinate system that combines a 3D Cartesian coordinate system [13] and a 2D polar coordinate system. For any vertex O on the cortical surface, we use its normal direction N as the Z direction in a 3D Cartesian coordinate system, and build a polar coordinate system in its tangent plane P. Then, we start profiling from an arbitrary direction in plane P, and stop profiling for current direction when samples reach a certain maximum M. Profiling is performed every θ degree in plane P. Fig.  3 is an example of profiling.
The essence of surface profiling here is to simplify a 3D profiling problem down to a collection of 2D profiling problems. This simplification is founded on the fact that the human brain is highly convoluted and surface patches can have very complex shapes. However, current popular models for 3D shapes like polynomials and ellipsoids are symmetric or might be too simple to capture such complex shapes. Thus, the advantage of 2D profiling is the flexibility to describe an arbitrarily shaped cortical surface patch. The disadvantage along with the simplification is the possible loss of 3D shape information. However, the 360 degrees of profiling still captures a great deal of 3D information, especially when we model the profiles and connect corresponding model parameters of all profiles together to form a circle curve.
Model Fitting
The essential idea of model fitting for profiles is to encode the shape information into a couple of parameters compactly. The model we use in this paper is the power function, a popular model in 2D Geology study because of its simplicity and intrinsic physical meaning [12] . The power function is expressed as: (1) Here, x 0 , y 0 and n are parameters to describe a profile shape; y 0 ≠ 0, x 0 > 0 and n > 0. The parameters of this model can be evaluated in a sense of least-square using the LevenbergMarquardt algorithm. Given N sample points of a profile, the parameters are those that minimize the fitting residuals: (2) Here, P denotes the three parameters to be evaluated, y pi is the model output at the i-th point with model parameter P, and y i is the profile measurement at the i-th point.
Feature Extraction and Clustering
After the model fitting step, we extract several affine-invariant features to represent the shape information of a surface patch. Among the model parameters, the ratio R between y 0 and x 0 and the power n are very information-rich descriptors of the profile shape, especially the ratio R which has proven to be more stable and changes more smoothly between adjacent profiles than the power n. The definitions and descriptions of features that we extract based on model parameters and profiling information are as follows. 1) SulciOrGyri: a vertex that has more profile points above its tangent plane would be considered as on a sulcus. Otherwise, it is on a gyrus. 2) AverRatio: the average R of all profiles for the current vertex. 3) AverMinR: average of Rs that correspond to local minimums at R curve. 4) AverMaxR: average of Rs that correspond to local maximums at R curve. 5) AllDis: sum of distances between neighboring local maximum and minimum. 6) AverDis: average of distances between neighboring local maximum and minimum. 7) MaxDis: maximum of distances between neighboring local maximum and minimum. 8) AverSampleDis: average of the first order moment of all profiles about the tangent plane. 9) MaxSampleDis: maximum of the first order moment of all profiles about the tangent plane. 10) AverPower: average of the power n for all profiles.
Based on the above 10 features, we apply the unsupervised clustering algorithm affinity propagation [14] to the vertices of a cortical surface. The similarity S(i, j) of two random vertices i and j is defined as the minus weighted Mahalanobis distance:
Here V⇀ i and V⇀ j are the feature vector defined above; W is a weighting diagonal matrix with W ii as the weight for the i-th feature; Cov is the feature covariance.
An example of the clustering result is shown in Fig. 4 . The clustering step has two important contributions. First, the cortical surface is automatically parcellated into distinct regions corresponding to gyral and sulcal regions, as well as transitional regions between them. Second, the transition between different cortical regions is smooth. If we walk from gyrus crown to sulcus basin along any path, we will very likely cross the same three transitional cortical regions. These two properties significantly help us profile the gyrus crown on the parcellated cortex and analyze gyral folding patterns.
Profiling on Gyrus Crown and Hinge Detection
To profile the gyrus crown of the parcellated cortex, we first assign a label to each parcellated cortical region. The assigned labels could reflect the layout and transition between different cortical regions. In this paper, gyrus crowns are assigned with a value 1 whereas sulcus basins are assigned with a value 5, and other regions are assigned with values according to their transitional levels on the parcellated cortex.
Then, a feature f is created for each profile of gyrus crown in order to measure the profile depth, as well as the number of different regions the profile crosses. The feature is defined as: (4) Here N is the number of points on the profile, and f i is the label of the region to which point i belongs. For example, if point i is on the gyrus crown, f i is 1.
Following the above two steps, we detect hinges of the gyrus on which the current vertex sits. After 360 degree profiling, the feature values of all profiles for the current vertex will be combined together to form a ring curve (see Fig. 5d ). Local minima of the curve correspond to the hinges of the gyrus, and the number of the local minima is the number of hinges of the gyrus. For example, vertex A in Fig 5 has a very clear folding pattern (three local minima) to indicate that it is on a 3-hinge gyrus.
Results
Gyri Pattern Detection
In this section, we applied the above method to 10 constructed cortical surfaces. Our experimental results demonstrate that human gyral folding patterns can be divided into 3 classes according to their number of hinges: 2-hinge, 3-hinge and 4-hinge gyri. Fig. 6a shows examples of the three folding pattern categories and Fig. 6b shows their corresponding feature curves respectively. As we can see from the figure, the hinges of gyri correspond well to the local minima of the feature curves (Fig. 6b) . The number of local minima of the connected feature curve, therefore, is considered as the number of hinges for the current gyrus. Besides the number of local minima of the connected feature curve, the distance between local minima is also an important feature that could be used to further classify the detected gyral folding patterns. This distance actually represents the degree of how much the gyrus bends itself. Take the 2-hinge gyrus in Fig. 6a3 as an example, its bending degree is apparently larger than Fig. 6a1 and Fig. 6a2 in the same category. We can also see the differences from the feature curves in Fig. 6b , that is, the distance of the two local minima in Fig. 6b3 is larger than those of the other two gyri in Fig. 6b1 and Fig. 6b2 . Fig. 6c provides the gyri pattern detection result on a whole cortical surface. Apparently, most of the gyri patterns are correctly detected, indicating reasonably good performance of the proposed method. In particular, the detected 4-hinge patterns are highlighted by dashed circles. One zoomed example is shown in Figure 6d. 
Accuracy
To quantitatively evaluate the accuracy of our proposed method, we have two experts manually label the detected patterns, and count the number of two types of detection errors: Type1 error (false positive) and Type2 error (false negative). We express the accuracy as: (5) The detection accuracy of the 3-hinge gyri pattern for the randomly selected 10 cortical surfaces is summarized in Table 1 . The average accuracy is over 90%. The algorithm has similar accuracy performance for the 2-hinge and 4-hinge gyri pattern detections.
Discussion and Conclusion
In this paper, we propose a method to analyze gyral folding pattern via surface profiling. The method focuses on hinge numbers of gyri, and has been applied to 10 normal human brain MR images. Our preliminary results demonstrate that the proposed surface profiling method is able to accurately classify gyri into three folding patterns according to the number of gyral hinges.
In the extant literature, several methods have been proposed to automatically label human brain surface into gyri and sulci [10] [11] . In comparison, our segmentation of the cortical surface is based on clustering using profile shape information, and 3 more classes besides gyrus crown and sulcus basin are segmented to fill the transition area from gyri to sulci. Though the segmented gyrus crown might be broken somewhere, it seems that these breaks have little impact on the final results of gyral folding patterns. This robustness may come from the profiling method itself. Since we profile the cortical surface at a macro level, small breaks of a gyrus crown probably would not change the fact that the majority of the profile is on a gyrus.
Our research on gyral folding pattern analysis has shown that 3-hinge and 4-hinge gyri (Fig.  6d) are common across different subjects, and the distribution of them among individuals can vary significantly. This result puts forward new challenges for registration-based analysis of the human brain. For example, how to establish correspondence between different patterns of gyri, e.g., 3-hinge gyri and 4-hinge gyri, in brain registration remains a challenging and open problem.
Currently, our method only classifies gyral folding patterns into 3 broad classes: 2-hinge, 3-hinge, and 4-hinge gyri. A more detailed classification of the folding patterns, however, is possible via surface profiling. For the 2-hinge gyri, we could use the angle between local minima to recognize whether it is a "−" shape gyrus or "U" shape gyrus. For the three-hinge gyri, we could also use the angle information to further classify the gyri into "Y" shapes and "T" shapes. The more detailed classification of 2-hinge gyri and 3-hinge gyri could potentially provide additional important features for self-contained parcellation of the cerebral cortex into anatomically meaningful regions, as well as for automatic recognition of them. Table 1 Detection accuracy for 3-hinge gyri pattern. 
